ABSTRACT The main objectives of this study were to detect the most appropriate random regression model (RRM) to fit the data of monthly egg production in 2 lines (selected and control) of Japanese quail and to test the consistency of different criteria of model choice. Data from 1,200 female Japanese quails for the first 5 months of egg production from 4 consecutive generations of an egg line selected for egg production in the first month (EP1) was analyzed. Eight RRMs with different orders of Legendre polynomials were compared to determine the proper model for analysis. All criteria of model choice suggested that the adequate model included the secondorder Legendre polynomials for fixed effects, and the third-order for additive genetic effects and permanent environmental effects. Predictive ability of the best model was the highest among all models (ρ = 0.987). According to the best model fitted to the data, estimates of heritability were relatively low to moderate (0.10 to 0.17) showed a descending pattern from the first to the fifth month of production. A similar pattern was observed for permanent environmental effects with greater estimates in the first (0.36) and second (0.23) months of production than heritability estimates. Genetic correlations between separate production periods were higher (0.18 to 0.93) than their phenotypic counterparts (0.15 to 0.87). The superiority of the selected line over the control was observed through significant (P < 0.05) linear contrast estimates. Significant (P < 0.05) estimates of covariate effect (age at sexual maturity) showed a decreased pattern with greater impact on egg production in earlier ages (first and second months) than later ones. A methodology based on random regression animal models can be recommended for genetic evaluation of egg production in Japanese quail.
INTRODUCTION
Selection for early-period part-records is a usual approach for improving egg production in poultry to make a substantial genetic improvement (Luo et al., 2007) . Thus, it is necessary to use the suitable models for selection considering the relationship between different periods of production (Farzin et al., 2013) . In Japanese quail, studies on the modeling of periodic egg production were found (Lotfi et al., 2012; Narinc et al., 2013b; Manaa et al., 2015) . Monthly egg production records can be analyzed by repeatability (Farzin et al., 2011) , multi-trait (Nurgiartiningsih et al., 2005; Wolc et al., 2007) or random regression models (Luo et al., 2007; Wolc and Szwaczkowski, 2009; Venturini et al., 2012; Wolc et al., 2013; Mookprom et al., 2016 providing opportunities to select for the persistence of egg production (Wolc et al., 2011) . It can also reduce selection costs by identifying optimum points for recording and adjust the shape of the longitudinal response through genetic means (Schaeffer, 2004) . A significant advantage of RRM is the short time requirment compared to multi-trait analysis to estimate parameters, in addition to offering a more accurate model of variance-covariance structures and prediction of breeding values. With these advantages, it is the most favorable model for analyzing egg production data in poultry (Anang et al., 2002; Kranis et al., 2007) .
Comparing models to check the adequacy of the models to fit data could result in similar Legendre polynomials for different effects on broiler lines (Luo et al., 2007) . However, it is not the case in many studies (Venturini et al., 2012; Farzin et al., 2013; Ahrabi, 2015) .
To detect the appropriate model in longitudinal studies, different criteria such as the Akaike information criterion (AIC; Akaike, 1974) and the Bayesian information criterion (BIC; Schwarz, 1978) were widely used. However, each of these has its drawbacks, e.g., favoring the model with the highest order when sample 2569 size gets very large (AIC) and poor performance when the true model is not among the candidates (BIC). To overcome this problem, Stoica and Babu (2013) introduced a novel rule for model order selection based on penalizing adaptively the likelihood (PAL), which uses information from the previous step to increase its selective performance. It also allows selecting a model order when the best model order is unknown. The excellence of PAL criterion was approved theoretically (Surana et al., 2016) . The only study to assess the performance of applying PAL on real livestock data in the literature was accompanying by a simulation study on Colombian Holstein cows (Corrales et al., 2015) .
The objectives of the current study were to determine the adequate RRM to fit the data of monthly egg production as part-records of a population of Japanese quail and evaluating the consistency among different methods of model choice, as well as to estimate the genetic parameters of the egg production traits during the first 5 months of production.
MATERIALS AND METHODS

Population Structure and Bird Management
Data of this study were collected from a flock of Japanese quail (Coturnix coturnix japonica) maintained by the Poultry Research Center, Faculty of Agriculture, Fayoum University. The guidelines approved by the institutional animal care and use committees in Egypt were considered in this research. A total number of 1,200 female Japanese quails were evaluated. The selected line consisted of 960 females (240 per generation), which was selected for egg production in the first month (EP1). The control line consisted of 240 females (60 per generation), which was a randomly selected line following the complete random mating system. Data on monthly egg production were collected from 4 consecutive generations of the selected and control lines. The data collection started at 6 wk of age and lasted for 5 months. Monthly egg records were generated by summing each 4 consecutive weeks' eggs. Each breeding family consisted of 2 females and 1 male housed in a breeding cage. At 5 wk of age, all females were transferred to individual laying cages for accurate pedigree identification. Dam in each cage was identified by the specific pattern of egg surface. Eggs were collected daily in a pedigree system for each female depending on the shell color and patterns of each female from 5 to 7 wk of age. The females with the most difference in eggshell color and pattern were transferred to the same cage (2 females:1 male). Mating of close relatives was avoided to decrease the rate of inbreeding depression. Eggs were collected for hatch when females were 10 to 12 wk of age. Eggs were collected daily, in a pedigree system for each family depending on eggshell print of each female.
From hatch to 5 wk of age, all quail were fed ad libitum on a starter diet containing 24% crude protein (CP), 2,900 kcal/metabolizable energy (ME), and free access to clean water. From 6 wk to the end of the study, a breeder diet containing 20% CP, 2,900 kcal/ ME, 2.25% calcium, and 0.43% available phosphorus was supplied. All birds were kept under the same management, hygienic, and environmental conditions.
Statistical Analysis
Eight RRMs were divided into 2 categories according to the order of Legndre polynomial of fixed effects (2 or 3). Within each category, different combinations of Legendre polynomial orders (2 and 3) for additive genetic and permanent environmental effects were compared. The model LP222 was explained as the model with Legendre polynomial with orders of 2 for fixed, additive genetic and permanent environmental effects, respectively. The analysis of monthly records was based on the following RRM:
where y ijk is the monthly egg record of j th hen in k th month, LG i is the fixed effect of i th line-generation, cov is the age at sexual maturity (ASM) covariate, b m is the m th fixed regression coefficient, a jm is the m th random regression coefficient for additive genetic effect, pe jm is the m th random regression coefficient for permanent environmental effect, z jkm is the covariate of the Legendre polynomial, e ijk is the random residual effect, and q 1 , q 2 , and q 3 are the orders of the Legendre polynomials for the fixed, additive genetic, and permanent environmental effects, respectively.
Cross-validation
From the data set, 25% of the records were masked, and its known records were set to missing, then the estimated variance components and genetic parameters of the rest of the data set were used for testing the predictive ability of the models. Correlations (ρ) between the observed and the predicted individual performance in the validation set were used to compare RRMs (Biscarini et al., 2010; Mookprom et al., 2016) .
Model Comparison
To detect the adequate model to fit the data, the goodness of fit of the models within each category was compared using 4 criteria. The log of maximum likelihood value of the model (lnL), and 3 other criteria were used to choose the optimal RRM as follows:
where AIC k is the Akaike information criterion of model k (Akaike, 1974) , ln(ML k ) is the log of maximum likelihood value of model k, p k is the number of free parameters in model k;
where BIC k is the Bayesian information criterion of model k (Schwarz, 1978) , and n is the number of observations that contribute to the likelihood, and the other symbols are denoted as in the AIC equation.
The third criterion for model choice is PAL as reported by Stoica and Babu (2013) is used as r n = 2lnL n −1 − 2lnL 1 and ρ n = 2lnL n − 2lnL n −1 where r n and ρ n are generalized likelihood ratios between model M n-1 and the reduced model M 1 or the complete model Mñ, respectively. Thus, the PAL criterion for model order selection is defined as:
where PAL is penalizing adaptively the likelihood, n is the number of parameters in the model,ñ is the largest number of parameters for the model within the set being considered. Higher lnL corresponds to higher data probability, so higher (less negative) lnL is better, representing better model fit to the data. The model fitted to the data with the highest value of lnL and the smallest values of AIC, BIC, and PAL was considered as the optimal model. In addition, the models compared for their predictive ability in terms of the correlation between estimated and predicted individual breeding values through cross-validation, in which higher values indicate better predictive ability.
Genetic Parameters
Estimation of variance components and genetic parameters using the best model by REML procedures has been carried out using the WOMBAT program (Meyer, 2007) . Phenotypic variance was calculated as (σ
, so the estimated heritabilities (h 2 m ) and permanent environmental effect (PE m ) at month m of egg production were calculated using the following formula (Van Der Werf et al., 1998; Jakobsen et al., 2002) :
and 
Selection Response
The cumulated selection response (CSR) at generation n was calculated according to Chen and TixierBoichard (2003) :
where S n and C n were least square means for selection criteria at generation n in the selected (S) and control (C) lines, respectively.
RESULTS AND DISCUSSION
Descriptive Statistics
Descriptive statistics of the studied traits (monthly and total egg production through the first 5 months of production) along with the number of individuals are presented in Table 1 . The egg production in this study increased from months 1 to 3 of production, which represented the peak of production (26.42 eggs), and decreased after that. Similar trends for egg production pattern in Japanese quail were observed by Minvielle et al. (2010) and Narinc et al. (2013a) . Months 1 and 5 showed the lowest production means (21.10 and 24.09 eggs, respectively). Anang et al. (2002) and Venturini et al. (2012) reported variations for the initial and final production periods in layers with the lowest values of production in the initial periods.
Selection Response
The estimates of selection response as line contrasts are presented in Figure 1 . All the response estimates were significant favoring the selected line. The values of contrast decreased from 6.12 eggs in month 1 to 4.30 in month 5 of production. The high value of contrast in the production of month 1 could be attributed to the continuous selection process for the egg production of the month 1 (EP1), which lasted for 4 generations in this experiment. In addition, the differences in the age of sexual maturity between the lines could play a great role to influence these values (Venturini et al., 2012) . Similarly, Narayan et al. (2000) , Punya Kumari (2007) selected lines in egg production in their studies. Moreover, Okenyi et al. (2013) reported a direct response of 4.46 eggs for EP1 over 2 generations of selection.
Model Comparison
The values of lnL, AIC, BIC, and PAL for different models with different orders of fit are shown in Table 2 . The orders of Legendre polynomial for different effects were mostly chosen between 2 and 4 in the literature (Wolc and Szwaczkowski, 2009; Farzin et al., 2013; Ahrabi et al., 2015) and were often chosen to be the same for simplicity of computing (Schaeffer, 2004) . Increasing the orders of Legendre polynomial than 3, in the current study, resulted in no change in the patterns of genetic variances. Thus, just orders of 2 and 3 were used in all models. After dividing the 8 models into 2 categories based on the order of fixed effects, different orders of fit were compared within each category to determine the adequate model to fit the data. According to the criteria for choosing the most suitable model (the highest value of lnL and the lowest values of AIC, BIC, and PAL) the models most suitable for adjusting the egg production were models LP233 and LP333. Both models had Legendre polynomials of order 3 for both the additive genetic and permanent environmental effects and differed in the order of the fixed part. Similar results were reported by Wolc and Szwaczkowski (2009) and Farzin et al. (2013) . In the current study, there was a consistency among methods of determining the most appropriate model fitting the data.
According to AIC and BIC values the optimal model varied among studies applying RRM on different poultry species. Luo et al. (2007) reported that depending on BIC, the optimal RRM model was the one with the Legendre polynomial of orders 2 for fixed and additive genetic effects and of 4 for permanent environmental effects. Venturini et al. (2012) selected the model for evaluating egg production in laying hens having a lowerorder polynomial of 3 for the genetic additive variance and 9 for the permanent environmental variance. They explained their choice as that model presented genetic correlation estimates with a straightforward biological explanation, and less oscillated model compared with other models. Ahrabi et al. (2015) chose the best model with order 4 and 3 of Legendre polynomial for the additive genetic and individual permanent environmental effects respectively as the best model. However, it has been theoretically shown that neither AIC nor BIC is simultaneously optimal regarding consistency and efficiency. Thus, Stoica and Babu (2013) introduced a method, "penalizing adaptively the likelihood" (PAL), as a criterion to select LP order in RRM. To our knowledge, PAL method has not been used in the studies on poultry species before. Corrales et al. (2015) were the first to apply this method to a data set of Colombian Holstein cows. They reported that when the true model was among the candidates, PAL and BIC showed better performance in selecting the correct model rather than AIC. After they added 5% noise to the data set with the true model, AIC tended to overestimate the correct order. Contrarily, PAL selected the best model with higher probability than AIC, and BIC did not choose the best model when the true model was unknown.
Cross-validation
To distinguish between the best models in both categories, all models were benchmarked for their predictive ability (ρ) of the masked part of the data ( Table 2 ). The predictive ability of the models of the first category varied between 0.904 and 0.987 with an average of 0.939, while the range of the second category models was 0.921 to 0.963 with an average of 0.948. The current values of ρ were somewhat higher than those reported by Mookprom et al. (2016) who reported ρ values of 0.850 to 0.885 for Legendre polynomial functions compared with other functions of RRMs to describe monthly egg production in Thai native chickens. The current values of ρ showed that the best model from the first category (LP233) had a better predictive ability (0.987) compared with the best model from the second category (LP333), which scored 0.963. In this comparison, the model LP233 was superior to model LP33 due to its higher predictive ability along with model simplicity in terms of less number of parameters that needed to be estimated by an individual, which is desirable for computation feasibility (Pool and Meuwissen, 2000) .
Genetic Parameters
The estimates of genetic parameters according to the best model are presented in Table 3 . The estimates of heritability for monthly records ranged from 0.10 (EP5) to 0.17 (EP1) and 0.12 for TEP. In general, the estimates of heritabilities in this work are in agreement with the reports of other studies (Nurgiartiningsih et al., 2005; Kranis et al., 2007; Farzin et al., 2011) . However, heritability estimates of the current study were lower than those reported by several authors (Bahie El-Deen et al., 2008; Punya Kumari et al., 2009; Narinc et al., 2013a , Manaa et al., 2015 who reported moderate to high estimates of heritabilities for egg numbers in Japanese quail (0.21 to 0.88). This wide range of estimates could be due to the differences in populations, method of estimation, statistical models and selection criteria.
The first month (selection criteria) showed the highest heritability (0.17) among all periods indicating a moderate to low additive genetic variance for egg production in Japanese quail. This estimate substantially decreased to 0.14 in EP3 while remained stable from EP4 to EP5 (0.10). A decreasing pattern of the heritability estimates for the monthly records over the laying period to the end of production or a particular time point was relatively similar to the results of Kranis et al. (2007) for monthly egg production in turkeys, Farzin et al. (2011) and Narinc et al. (2013a) in Japanese quail.
The higher estimates of heritability for month 1 records have been attributed to the variation in ASM (Anang et al., 2000) , the variation in the rate of lay before peak (Nurgiartiningsih et al., 2005) and the large influence of ASM on the magnitude of direct additive genetic, residual and phenotypic variances, for the records of months 1 and 2 (Farzin et al., 2011) . The latter authors concluded that the exclusion of ASM as a covariate from the analysis of monthly egg production records in the RRM resulted in an overestimation of heritabilities for months 1 and 2 of egg productions, but similar heritability estimates were observed for the later ages.
A small increase in the magnitude of permanent environmental effects is observed from EP1 (7.24) to EP2 (7.67) followed by a sudden decrease kept constant after that, while the ratios of permanent environmental variances to the phenotypic variance (PE) were gradually decreased (0.36 in EP1 to 0.08 in EP5). The observed higher PE ratios in EP1 compared with the following periods indicated the importance of this effect as a source of phenotypic variation in early production periods. The estimates of the ratios of the variance of PE are variable in different studies. Anang et al. (2002) obtained a range of 0.10-0.21 during months 1 through 8 for this parameter in laying hens. Similar trends of PE ratios were also reported on data analyzed with RRM (Kranis et al., 2007; Luo et al., 2007) . They reported that PE ratios were relatively high for the first few production weeks as influenced by variation in sexual maturity, remained steadily low during peak production, and then increased as hens aged. However, Farzin et al. (2013) reported an increasing pattern of PE ratios, which substantially increased from months 1 to 3 but stayed in a relatively constant phase for months 5 to 8.
The effects of the covariate (ASM) in this study showed a gradually decreased pattern over time. There were negative covariate estimates of ASM for monthly egg production and egg production records, which ranged from -0.2 to -0.8. This result could be explained as the earlier maturity leads to a longer laying cycle and an increase in clutch size. This result agreed with Bahie El- Deen et al. (2008) , who reported an increase in egg number of the early sexual maturity group than the intermediate and late sexual maturity groups of Japanese quail. Genetic and phenotypic correlations among egg production traits are presented in Table 4 . Genetic correlations among monthly egg production traits varied from relatively moderate (0.18 between EP1 and EP5) to high (0.93 between EP4 and EP5). The genetic correlation between EP1 and EP2 was high (0.66), then dropped dramatically between EP1 and the rest of the periods (0.18 to 0.23). The correlation between the first and the middle stages of the production was low, while the correlation between consecutive periods was high, which is similar to several studies depended on RRM (Kranis et al., 2007; Luo et al., 2007; Narinc et al. 2013a) . Similarly, the phenotypic correlations between monthly egg numbers traits appeared to be moderate to high, ranging from 0.15 (EP1with EP5) to 0.80 (EP2 with EP3). Similar positive phenotypic correlations between all periods were observed by Kranis et al. (2007) . In general, the genetic and phenotypic correlations between monthly records decreased as the time interval of the ages increased. In addition, later ages indicated higher estimates for these correlations than earlier ages. These results are in agreement with those of Farzin et al. (2011) on a commercial broiler female line, Narinc et al. (2013a) for monthly egg production on Japanese quail, and Ebadi Tabrizi et al. (2015) on Iranian native fowl. There were high positive correlations between different monthly egg production and TEP that increased gradually with age advanced from 0.65 to 0.91 for genetic correlations and from 0.54 to 0.87 for phenotypic correlations. Luo et al. (2007) reported a similar increasing pattern of genetic correlations between cumulative eggs of different production weeks with total cumulative eggs. Farzin et al. (2010) reported genetic correlations between cumulative egg numbers and monthly records varied from 0.651 (within month 1) to 0.946 (within month 6) with a similar trend of phenotypic correlations. They concluded that cumulative egg number was highly genetically correlated with monthly records of egg production, suggesting that improvement of cumulative egg number is feasible through selection according to each monthly record after month 2. A high genetic correlation (0.91) between month 2 and total egg number in particular, when compared to the correlation coefficient between month 1 and total egg number (0.68), was observed in the current study, which is very close to the results of Narinc et al. (2013a) .
CONCLUSION
Designing a selection program based on early partrecord could support the possibilities to improve total egg production in Japanese quail. The methodology based on random regression animal models can be recommended for genetic evaluation of egg production in Japanese quail. In the current experiment, there was consistency among different criteria of model choice, which might not be the case in different experiments. Hence, caution should be observed when choosing the time point of selection and the criteria of model choice due to their impacts on the success of selection program.
